Abstract Land degradation is a serious impediment to improving rural livelihoods in Tanzania and Malawi. This paper identifies major land degradation patterns and causes, and analyzes the determinants of soil erosion and sustainable land management (SLM) in these two countries. The results show that land degradation hotspots cover about 51 and 41 % of the terrestrial areas in Tanzania and Malawi, respectively. The analysis of nationally representative household surveys shows that the key drivers of SLM in these countries are biophysical, demographic, regional and socio-economic determinants. Secure land tenure, access to markets and extension services are major factors incentivizing SLM adoption. The implications of this study are that policies and strategies that facilitate secure land tenure and access to SLM information are likely to stimulate investments in SLM. Local institutions providing credit services, inputs such as seed and fertilizers, and extension services must be included in the development policies. Following a Total Economic Value approach, we find that the annual cost of land degradation due to land use and land cover change during the 2001-2009 period is about $244 million in Malawi and $2.3 billion in Tanzania (expressed in constant 2007 USD). These represent about 6.8 and 13.7 % of GDP in Malawi and Tanzania, respectively. Use of land degrading practices in croplands (maize, rice and wheat) resulted in losses amounting to $5.7 million in Malawi and $1.8 million in Tanzania. Consequently, we conclude that the costs of action against land degradation are lower than the costs of inaction by about 4.3 times in Malawi and 3.8 times in Tanzania over the 30 year horizon. This implies that a dollar spent to restore/rehabilitate degraded lands returns about 4.3 dollars in Malawi and 3.8 dollars in Tanzania, respectively. Some of the actions taken by communities to address the loss of ecosystem services or enhance or maintain ecosystem services improvement include afforestation programs, enacting of bylaws to protect existing forests, area closures and controlled grazing, community sanctions for overgrazing, and integrated soil fertility management in croplands.
Introduction
Land degradation is a major problem in Tanzania and Malawi. A recent assessment shows that 'land degradation hotspots' cover about 51 and 41 % of land area in Tanzania and Malawi, respectively (Le et al. 2014; Fig. 20.1) . Figure 20 .1 shows a depiction of land degradation and improvement 'hotspots' in Africa.
1 A country-specific hotspot map for Malawi and Tanzania is also presented alongside the African map. In Tanzania, land degradation has been ranked as the top environmental problem for more than 60 years (Assey et al. 2007 ). Soil erosion is reportedly affecting about 61 % of the entire land area in this country (ibid). Chemical land degradation, including soil pollution and salinization/alkalinisation, has led to 15 % loss in the arable land in Malawi in the last decade alone (Chabala et al. 2012) .
Investments in sustainable land management (SLM) are an economically sensible way to address land degradation (MEA 2005; Akhtar-Schuster et al. 2011; FAO 2011; ELD Initiative 2013) . SLM, also referred to as 'ecosystem approach', ensures long-term conservation of the productive capacity of lands and the sustainable use of natural ecosystems. However, available estimates show that the adoption of SLM practices in sub-Saharan Africa, including Tanzania and Malawi, is low-just on about 3 % of total cropland (WB 2010). Several factors limit the adoption of SLM in the region, including: lack of local-level capacities, knowledge gaps on specific land degradation and SLM issues, poor monitoring and evaluation of land degradation and its accompanying impacts, inappropriate incentive structure (such as, inappropriate land tenure and user rights), market and infrastructure constraints (such as, insecure prices of agricultural products, increasing input costs, inaccessible markets), and policy and institutional bottlenecks (such as, difficulty and costly enforcement of existing laws that favor SLM) (Thompson et al. 2009; Chasek et al. 2011; Akhtar-Schuster et al. 2011; Reed et al. 2011; ELD Initiative 2013) .
Despite on-going land degradation and the urgent need for action to prevent and reverse land degradation, the problem has yet to be appropriately addressed, especially in the developing countries, including in Tanzania and Malawi. Adequately strong policy action for SLM is missing, and a coherent and evidence-based policy framework addressing it is still lacking (Nkonya et al. 2013) . Identifying drivers of land degradation and the determinants of SLM adoption is a step towards addressing them (von Braun et al. 2012) .
The assessment of relevant drivers of land degradation by robust techniques at farm level is still lacking in Tanzania and Malawi. There is a need for evidence-based economic evaluations, using more data and robust economic tools, 1 See Chap. 4 of this volume for a global 'hotspots' maps.
to identify the determinants of adoption as well as economic returns from SLM. The objectives of this paper are thus two-fold; (i) to assess the determinants of SLM adoption in Malawi and Tanzania, and (ii) to examine the costs and benefits of action versus of inaction against land degradation in Malawi and Tanzania.
The rest of this paper is organized as follows: see section "Relevant Literature" provides a brief review of key studies on the extent, drivers of land degradation and determinants of SLM adoption in Tanzania and Malawi; see section "Land Management Policy Frameworks in Malawi and Tanzania" presents the policy frameworks in Malawi and Tanzania; see section "Conceptual Framework and Empirical Strategy" presents the study methods and the empirical strategy; see section "Data, Sampling Procedure and Variables for Estimations" outlines the data, study area and sampling procedure; see section "Results and Discussions" discusses the findings of the study; see section "Conclusions and Policy Implications" concludes.
Relevant Literature
Drivers of land degradation can be grouped into two categories, namely; proximate and underlying causes (Lambin and Geist 2006; Lal and Stewart 2010; Belay et al. 2014; Pingali et al. 2014) . Proximate causes are those that have a direct effect on the Fig. 20 .1 Biomass productivity decline (Note The geographic spread of the area subject to human-induced degradation processes among the different climatic zones of SSA and selected countries in Eastern Africa. The red spots show the pixels with significantly declining NDVI while the green spots show the pixels with significantly improving NDVI.) in Malawi and Tanzania for . Source Adapted from Le et al. (2014) terrestrial ecosystem. These include biophysical (natural) conditions related to climatic conditions and extreme weather events such as droughts and coastal surges.
Key proximate drivers include; climatic conditions, topography, unsuitable land uses and inappropriate land management practices (such as slash and burn agriculture, timber and charcoal extraction, deforestation, overgrazing) and uncontrolled fires. The dry aid and semi-arid arid lands are prone to fires which may lead to serious soil erosion (Voortman et al. 2000; D'Odorico et al. 2013 ). The erratic rainfall in these areas may also be thought to induce salinization of the soil (Safriel and Adeel 2005; Wale and Dejenie 2013) . Similarly, practicing unsustainable agriculture such as land clearing, overstocking of herds, charcoal and wood extraction, cultivation on steep slopes, bush burning, pollution of land and water sources, and soil nutrient mining (Eswaran et al. 2001; Lal 1995; Dregne 2002) . Most deforestation exercises are associated with the continued demand for agricultural land, fuel-wood, charcoal, construction materials, large-scale and resettlement of people in forested areas. This often happens at the backdrop of ineffective institutional mechanisms to preserve forests. Grazing pressure and reduction of the tree cover continue to diminish rangelands productivity (Hein and de Ridder 2006; Waters et al. 2013) .
Important underlying drivers of land degradation include land tenure, poverty, population density and weak policy and regulatory environment in the agricultural and environmental sectors (Table 20 .1). Insecure land tenure may act as a disincentive to investment in sustainable agricultural practices and Technologies (Kabubo-Mariara 2007) . Similarly, a growing population without proper land management will exhaust the capacity of land to provide ecosystem services (Tiffen et al. 1994) . It is also argued that population pressure leads to expansion of agriculture into fragile areas and reduction of fallow periods in the cultivated plots. 
Source Kirui and Mirzabaev (2014) However, this is not always the case. Population pressure has been found to increase agricultural intensification and higher land productivity as well as technological and institutional innovation that reduce natural resource degradation (Tiffen et al. 1994; Nkonya et al. 2008) . Empirical review of literature on adoption of production-related technologies dates back to Feder et al. (1985) which summarizes that the adoption of new technology may be constrained by many factors such as lack of credit, inadequate and unstable supply of complementary inputs, uncertainty and risks.
A comprehensive review of literature shows several factors determining investment in sustainable land management practices. These include; household and farm characteristics, technology attributes, perception of land degradation problem, profitability of the technology/practice, institutional factors, such as, land tenure, access to credit, information and markets and risks and uncertainty (Ervin and Ervin 1982; Norris and Batie 1987; Pagiola 1996; Shiferaw and Holden 1998; Kazianga and Masters 2002; Shively 2001; Bamire et al. 2002; Barrett et al. 2001; Gebremedhin and Swinton 2003; Habron 2004; Kim et al. 2005; Park and Lohr 2005; Pender et al. 2006; Gillespie et al. 2007; Prokopy et al. 2008) .
Detailed empirical studies in developing countries include that of Pagiola (1996) in Kenya, Nakhumwa and Hassan (2012) in Malawi, Shiferaw and Holden (1998) , Gebremedhin and Swinton (2003) and Bekele and Drake (2003) in Ethiopia. All these studies highlighted the direction as well as the magnitude of factors hypothesized to condition the adoption of SLM.
In summary, these factors are largely area specific and their importance is varied between and within agro-ecological zones and across countries. Thus, caution should be exercised in attempting to generalize such individual constraints across regions and countries.
Important contributions have been made by these previous studies on identifying the determinants of adoption of SLM practices, however, a number of limitations are evident. Despite the fact that a long list of explanatory variables is used, most of the statistical estimations used by these studies have lower explanatory power (Ghadim and Pannell 1999) . The results from different studies are often contradictory regarding any given variable (ibid). Lindner (1987) and Ghadim et al. (2005) point out that the inconsistency results in most empirical studies could be explained by four shortcomings, namely; poorly specified models, inability to account for the dynamic adoption learning process, omitted variable biases, and poorly related hypotheses to the conceptual frameworks.
Land Management Policy Frameworks in Malawi and Tanzania
To counter the challenges of low input use, rising food and fertilizer prices, fertilizer subsidies have become a common policy response to increase fertilizer use and improve food production. Use of inorganic fertilizer is considered one of the agricultural technologies that have the potential to increase productivity of small-scale agriculture, increase incomes, expand assets base of the poor farmers and break the poverty cycle. In recent years Malawi and Tanzania have used subsidies in order to increase fertilizer application at farm level. Subsequently, there has been a substantial increase in public investment reported in the subsidies in these countries. Malawi, for instance, used about 72 % of the agricultural budget in 2008/09 period on the subsidies (Dorward and Chirwa 2009) while Tanzania spent about 50 % of its agricultural budget on the subsidy program (URT 2008; cited from Marenya et al. 2012) .
At the end of the 1990s, there was widespread perception in Malawi that reduction in fertilizer subsidies was leading to falling in the production of maize and thus to a food and political crisis (Chinsinga 2008) . In response the government of Malawi implemented three programs of fertilizer subsidies: the Starter Pack (SP), the Targeted Input Program (TIP) (later changed to the Extended Targeted Input program-ETIP), and the Agricultural Input Subsidy Program (AISP). The AISP program was launched in 1998 and was mainly supported by the UK Department for International Development (DFID) (Chinsinga 2008) . The program targeted an estimated 2.86 million rural farming households and consisted of delivering free inputs to these farmers. The package consisted of 15 kg of fertilizer, 2 kg of hybrid maize seed, and 1 kg legume seed (Morris et al. 2007; Chinsinga 2008; Levy and Barahona 2002) .
The second program implemented was the Targeted Input Program (TIP). TIP was introduced during the 2000-2001 growing season as a gradual exit strategy decided to scale down the SP and for purposes of sustainability with a target of 1.5 million farmers (Chinsinga 2008) . Moreover, it also delivered a smaller quantity of fertilizer (10 kg) per beneficiary, replaced hybrid maize seeds with OPV maize seeds (which were considered more sustainable), and targeted the poorest households in the community (Levy and Barahona 2002) . Later TIP was phased out and reconfigured as the Extended Targeted Input program (ETIP) with increased number of targeted beneficiaries of 2.8 million farmers and increased the provision of fertilizer to 26 kg and seeds to 5 kg per beneficiary. This third and much larger fertilizer subsidy program was the Agricultural Input Subsidy Program (AISP) and started in 2005. The AISP provided about 50 % of farm households (around 1.5 million of households) with 100 kg fertilizer vouchers and smaller quantities of maize seed. Since 2005, the program has been repeated on a similar scale, enabling beneficiaries to purchase the same amounts of fertilizer (Denning et al. 2009) .
Following the successes of the input subsidy program in Malawi in terms of higher crop productivity, other countries, namely Tanzania, have also started a voucher-based fertilizer subsidies program named National Agricultural Input Voucher System (NAIVS) (URT 2005) . With NAIVS the Tanzanian government used to subsidize ensured delivery of fertilizer to remote areas. The program was redesigned in 2008 into a voucher-based subsidy. This subsidy involved delivery of 100 kg of fertilizer, seeds, seedlings, and agrochemicals. These were exchangeable at any private agro-input dealer across the country. In this respect, the Tanzania voucher program is considered more successful in enhancing and facilitating the development of a private distribution network (Zorya 2009; Minot and Benson 2009) . NAIVS the subsidy program is progressive type of transfer that targets the smallholder farmers. It covers a large fraction of agricultural households-2.5 million in 2011. The program design includes rationing with a set a ceiling of subsidized volumes per beneficiary of 1 acre and is geared towards staple crops, primarily maize. The subsidy program focus is on national and also household food security and explicitly includes poverty reduction in its objectives (Zorya 2009 ).
The other alternative that can be considered as an alternative to straight subsidies is the payments for environmental services (PES) model. The State of Food and Agriculture 2007 published by FAO (2007) highlighted the potential of PES in agriculture to contribute to the provision of ecosystem services that are not usually tradeable in the market. Future studies must explore the contributions of the PES options to soil fertility management (Marenya et al. 2012 ).
Conceptual Framework and Empirical Strategy
The conceptual framework used in this study broadly follows the ELD framework presented in Nkonya et al. (2013) . 'The causes of land degradation are divided into two broad categories; proximate and underlying causes, which interact with each other to result in different levels of land degradation. The level of land degradation determines its outcomes or effects-whether on-site or off-site, on the provision of ecosystem services and the benefits humans derive from those services. Actors (including land users, policy makers etc.) can then take action to control the causes of land degradation, its level, or its effects'. 'There also exists institutional arrangements that determine whether actors choose to act against land degradation and whether the level or type of action undertaken will effectively reduce or halt land degradation' (Nkonya et al. 2013) . For a comprehensive discussion on the conceptual framework, refer to Chap. 2 of this volume.
Empirical Strategy

Determinants of SLM Adoption: Logit Regression Model
Land degradation occurs as a result of lack of use of SLM. The determinants inhibiting the adoption of SLM practices are also possible to promote land degradation. The assessment of the determinants of SLM has the same implications as the assessment of the determinants of land degradation. The adoption of SLM technologies/practices in this study refers to use of one or more SLM technologies in a given plot. The adoption was of SLM technology/practice in a farm plot was measured as a binary dummy variable (1 = adopted SLM in a farm plot, 0 = otherwise). The two appropriate methods to estimate such binary dummy dependent variable regression models are the logit and the probit regression models. Here, we used the logit model.
The reduced form of the logit model applied to nationally representative agricultural household survey data from Tanzania and Malawi is presented as:
where, A = Adoption of SLM technologies; x 1 = a vector of biophysical factors (climate conditions, agro-ecological zones); x 2 = a vector of demographic characteristics factors (age, gender, and level of education of the household head); x 3 = a vector of farm-level variables (access to extension, market access, distance to market, distance to market); x 4 = vector of socio-economic and institutional characteristics (access to extension, market access, land tenure, land tenure); z i = vector of country fixed effects; and e i is the error term. Adoption studies using dichotomous adoption decisions models have inherent weakness (Dimara and Skuras 2003) . The single stage decision making process characterized by a dichotomous adoption decision models is a direct consequence of the full information assumption entrenched in the definition of adoption, that is, individual adoption is defined as 'the degree of use of a technology in the long run equilibrium when the farmer has full information about the new technology and its potential' (Dimara and Skuras 2003) . This assumption of full information is usually violated and hence use of logit or probit models in modeling adoption decision may lead to model misspecification. Robust checks tare carried out to check these misspecifications. Further, assessment beyond adoption to intensity (number) of SLM adoption can also counter such inherent weakness. We explore this option in our study.
Determinants of Number of SLM Technologies Adopted: Poisson Regression Model
The number of SLM technologies and the corresponding proportion of plots in which these technologies were applied are as presented in Table 20 .8. The number of SLM technologies is thus a count variable (ranging from 0 to 6 in our case). Thus the assessment of the determinants number of SLM technologies adopted requires models that accounts for count variables. Poisson regression model (PRM) is typically the initial step for most count data analyses (Areal et al. 2008) . PRM is preferred because it takes considers the non-negative and binary nature of the data (Winkelmann and Zimmermann 1995) . The assumption of equality of the variance and conditional mean in PRM also accounts for the inherent heteroscedasticity and skewed distribution of nonnegative data (ibid). PRM is further preferred because the log-linear model allows for treatment of zeros (ibid). The reduced form of the Poisson regression is presented as follows:
ð20:2Þ
where, A = Number of SLM technologies adopted; and the vector of explanatory variables xi are similar to those used in Eq. 20.1; (i.e. x1 = a vector of biophysical factors (climate conditions, agro-ecological zones); x2 = a vector of demographic characteristics factors (level of education, age, gender of the household head); x3 = a vector of farm-level variables (access to extension, market access, distance to market, distance to market); x4 = vector of socio-economic and institutional characteristics (access to extension, market access, land tenure, land tenure); zi = vector of country fixed effects; and e i is the error term).
Some of the limitations of PRM in empirical work relates to the restrictions imposed by the model on the conditional mean and the variance of the dependent variable. This violation leads to under-dispersion or over-dispersion. Overdispersion refers to excess variation when the systematic structure of the model is correct (Berk 2007) . Overdispersion means that to variance of the coefficient estimates are larger than anticipated mean-which results in inefficient, potentially biased parameter estimates and spuriously small standard errors (Xiang and Lee 2005) . Under dispersion on the other hand refers to a situation in which the variance of the dependent is less than its conditional mean. In presence of under-or over-dispersion, though still consistent, the estimates of the PRM are inefficient and biased and may lead to misleading inference (Famoye et al. 2005; Greene 2012 ). Our tests showed no evidence of under-or over-dispersion. Moreover, the conditional mean of the distribution of SLM technologies was similar to the conditional variance. Thus PRM was appropriately applied.
Cost of Action Verses Inaction Against Degradation
This study utilizes the Total Economic Value (TEV) approach-that captures the comprehensive definition of land degradation to estimate the costs of land degradation. TEV is broadly sub-divided into two categories; use and non-use values. The use value comprises of direct and indirect use. The direct use includes marketed outputs involving priced consumption (such as crop production, fisheries, tourism) as well as un-priced benefits (such as local culture and recreation value). The indirect use value consists of un-priced ecosystem functions such as water purification, carbon sequestration among others. The non-use value is divided into three categories namely; bequest, altruistic and existence values. All these three benefits are un-priced. In between these two major categories, there is the option value, which includes both marketable outputs and ecosystem services for future direct or indirect use. TEV analytical approach, thus, assigns value to both tradable and non-tradable ecosystem services.
Refer to Chaps. 2 and 6 of this volume for a comprehensive discussion on the empirical strategy to estimate the costs of land degradation (due to LUCC and due to use of land degrading practices in croplands and rangelands) and also the empirical strategy to estimate the costs of taking action against land degradation.
Data, Sampling Procedure and Variables for Estimations
Data and Sampling Procedure
The data used for this study is based on household surveys in two countries; Malawi and Tanzania conducted over time periods. The surveys were supported by the Living Standards Measurement Study-Integrated Surveys on Agriculture (LSMS-ISA) project undertaken by the Development Research Group at the World Bank.
2 The surveys under the LSMS-ISA project are modeled on the multi-topic integrated household survey design of the LSMS; household, agriculture, and community questionnaires, are each an integral part of every survey. We describe the sampling procedure in each of the two countries below.
Tanzania
The 2010-2011 Tanzania National Panel Survey data was collected during a twelve-month period from September 2010 to September 2011 by the Tanzania National Bureau of Statistics (NBS). In order to produce nationally representative statistics, the TNPS is based on a stratified multi-stage cluster sample design. The sampling frame used the National Master Sample Frame (2002 Population and Housing Census) which is a list of all populated enumeration areas in the country. 'In the first stage stratification was done along two dimensions; (i) eight administrative zones (seven on Mainland Tanzania plus Zanzibar as an eighth zone), and (ii) rural versus urban clusters within each administrative zone. The combination of these two dimensions yields 16 strata. Within each stratum, clusters were then randomly selected as the primary sampling units, with the probability of selection proportional to their population size'. In rural areas a cluster was defined as an entire village while in urban areas a cluster was defined as a census enumeration area (2002 Population and Housing Census). In the last stage, 8 households were randomly chosen in each cluster. Overall, 409 clusters and 3924 households (6038 farm plots) were selected.
Malawi
The Malawi 2010-2011 Integrated Household Survey (IHS) is a national-wide survey collected during the period March 2010-March 2011 by the National Statistics Office (NSO). The sampling frame for the IHS is based on the listing information from the 2008 Malawi Population and Housing Census. The IHS followed a stratified two-stage sample design. The first stage involved selection of the primary sampling units following proportionate to size sampling procedure. These include the census enumerations areas (EAs) defined for the 2008 Malawi Population and Housing Census. An enumerations area was the smallest operational area established for the census with well-defined boundaries and with an average of about 235 households. A total of 768 EAs (average of 24 EAs in each of the 31 districts) were selected across the country. In the second stage, 16 households were randomly selected for interviews in each EA. In total 12,271 households (18,329 farm plots) were interviewed. The distribution of this representative data is also depicted in Fig. 20 .2.
Variables Used in the Econometric Estimations
Dependent Variables
In the empirical estimation of the determinants of adoption of SLM practices, the dependent variable is the choice of SLM option(s) from the set of SLM practices Table 20 .2. They include six practices namely; soil and water conservation measures (especially those aimed at soil erosion control), manure application, modern crop seeds, inorganic fertilizers application, crop rotation (cereal-legume), and intercropping (cereal-legume).
Soil-water conservation practices include soil erosion conservation measures such as terraces, grass strips and gabions. They also include tillage practices that entail minimized soil disturbance (reduced tillage, zero tillage) and crop residue retention for better improved soil fertility and soil aeration (Delgado et al. 2011; Triboi and Triboi-Blondel 2014; Teklewold et al. 2013) . Crop rotation and intercropping systems are considered as temporal diversifications aimed at maintaining farm productivity (Deressa et al. 2009; Kassie et al. 2013; Lin and Chen 2014) . The application of manure (farm yard and/or animal manure) on the farm plots aids the long-term maintenance of soil fertility and supply of nutrients in the soil (Diacono and Montemurro 2010; Shakeel et al. 2014) . The use of modern seed varieties and inorganic fertilizers (NPK) has the potential to spur productivity and hence improving the household food security situation and income (Asfaw et al. 2012; Folberth et al. 2013) .
We considered six SLM practices. In organic fertilizers were applied in about 47 % of the plots while improved seed varieties were used in about 36 % of the plots. Manure use is low-average of 15 % of the plots. Crop rotation and cereal-legume intercropping was practiced in about 24 and 35 % of the plots respectively. Soil erosion control measure comprising of soil bunds, stone bunds terraces, plant barriers and check dams were used in about 22 % of the plots. The variations in application of these practices are presented in Table 20 .2. 
Independent Variables
The choice of relevant explanatory variables is based on economic theory, empirical review of previous literature, and data availability. Thus, we have utilized a total of 29 variables for the empirical estimations in this chapter. These can be grouped as biophysical, demographic, plot, and socio-economic variables. Brief descriptions alongside the direction of the hypothesized effects of these variables on land degradation and on SLM adoption are presented in Table 20 .3 and discussed below. The relevant biophysical variables included are temperature, rainfall, soil properties (rooting condition) and agro-ecological zonal classification. Adequate and timely rainfall, optimal temperature and favorable soil conditions are some of Access to irrigation water + Source Authors' compilation the biophysical factors needed for agricultural production to thrive. Favorable rainfall, temperature and soil conditions are hypothesized to positively influence adoption of improved seed varieties and use of fertilizers (Belay and Bewket 2013; Kassie et al. 2013 ). On the contrary, inadequate rainfall, increasing temperatures are thus hypothesized to positively influence the adoption of such SLM practices as conservation tillage, use of manure and intercropping (Yu et al. 2008 ). High rainfall is hypothesized to negatively influence adoption of such SLM as conservation tillage practices because it may encourage weed growth and also cause water logging (Jansen et al. 2006) .
Our analyses also include such standard household level variables as age, gender, and education level of the household head and household size (adult equivalent) and household size. Household demographic characteristics have been found to affect the adoption of SLM practices (Pender and Gebremedhin 2008; Bluffstone and Köhlin 2011; Belay and Bewket 2013; Kassie et al. 2013; Genius et al. 2014 ). We hypothesize that higher level of education of the household decision maker/head is associated with adoption of SLM practices and technologies. Previous studies show a positive relationship between the education level of the household decision maker and the adoption of improved technologies and land management (Maddison 2006; Marenya and Barrett 2007; Kassie et al. 2011; Arslan et al. 2013; Teklewold et al. 2013) . Households with more education may have greater access to productivity enhancing inputs as a result of access to non-farm income (Kassie et al. 2011) . Such households may also be more aware of the benefits of SLM strategies due to their ability to search, decode and apply new information and knowledge pertaining SLM (Kassie et al. 2011; Kirui and Njiraini 2013) .
The hypothesized effect of age on SLM adoption is thus indeterminate. Gender of the household decision maker plays a critical role in SLM adoption. Existing cultural and social setups that dictate access to and control over farm resources (especially land) and other external inputs (fertilizer and seeds) are deemed to discriminate against women (de Groote and Coulibaly 1998; Gebreselassie et al. 2013) .We thus hypothesize that male-headed households are more likely to invest in land conservation measures than their counterparts. Household size may affect SLM adoption in two ways; larger household sizes may be associated with higher labor endowment, thus, in peak times such households are not limited with labor supply requirement and are more likely to adopt SLM practices (Burger and Zaal 2012; Belay and Bewket 2013; Kassie et al. 2013 ). On the other hand, higher consumption pressure occasioned by increased household size may lead to diversion of labor to non-farm/off-farm activities (Yirga 2007; Pender and Gebremedhin 2008; Fentie et al. 2013) .
Relevant plot level characteristics identified from previous literature that determine SLM adoption include; plot tenure, plot size, and distance from the plot to the markets. Distance from the plot to market represents the transaction costs related to output and input markets, availability of information, financial and credit organizations, and technology accessibility. Previous studies do not find a consistent relationship between market access and land degradation. Good access to markets is associated with increased opportunity costs of labor as a result of benefits accrued from alternative opportunities; thus discouraging the adoption of labor-intensive SLM practices such as conservation farming (von Braun et al. 2012 ). However, better market access may act as an incentive to land users to invest in SLM practices because of a reduction in transaction costs of access to inputs such as improved seed and fertilizers ) and improved access to output markets (von Braun et al. 2012) . We hypothesize that the further away the plot is from markets, the smaller the likelihood of adoption of new seed varieties and fertilizers. However, we hypothesize also that the further away the plot is from the markets the bigger the likelihood of adoption of alternative SLM practices such as conservation farming, crop rotation and manure application.
Results and Discussions
Descriptive Statistics of the Independent Variables
We discuss the results of the descriptive analysis on this section. Table 20 .4 presents the results of the mean and standard deviation of all the independent variables used in the regression models. Results show substantial differences in the mean values of the biophysical, demographic, plot-level, and socioeconomic characteristics by country (Table 20 .4).
Among the biophysical characteristics, notable differences are reported in such variables as mean annual rainfall, elevation and agro-ecological classification. For example, the mean annual rainfall ranged from as low as 1080 mm per annum in Malawi to as high as 1227 mm per annum in Tanzania; with the average for the two countries being about 1085 mm per annum. Regarding elevation, the average plot elevation for the region was 900 m above sea level. This was not much varied between the two countries. The mean value of plot elevation in Malawi was 890 m above sea level but as high as 931 mm above sea level in Tanzania.
Similarly considerable differences is notable across countries with regards to agro-ecological classification; a larger proportion (46 %) of Malawi is classified as warm arid/semiarid, while in Tanzania a bigger proportion (55 %) is classified as warm humid/sub-humid environment.
Regarding demographic characteristics, no considerable change was reported with regard to such variables as average age of the household head (45 years) and average family size (4.3 adults). However, there seems to be a marginal difference in the education level of the household head; as low as about 2.7 years in Malawi and as high as 4.9 years in Tanzania. The households were predominantly male-head; 78 % in Malawi, and 79 % in Tanzania.
Plot characteristics also differed by country. For instance, ownership of the plots (possession of a plot title-deed) was least in Tanzania (11 %) but higher in Malawi (79 %). On average, distance from the farm plot to the farmer's house was closer in Malawi (0.8 km) as compared to Tanzania (5.4 km). Similarly, the distance to the market from the plots varied substantially between the two countries; from 2.4 km in Tanzania to about 10 km in Malawi. Loam soils were predominant soil type in both Malawi (63 % of plots) and Tanzania (50 % of the plots). The average size of the plots was 1.4 acres. This ranged from an average of 1.0 acre in Malawi to 2.5 acres in Tanzania. About 18 % of the sampled farmers were involved in social capital formation as shown by participation in collective action groups (farmer groups and cooperatives). The average proportion of sampled farmers with access to credit financial services was 13 % (ranging from as low as 9 % in Tanzania to 14 % in Malawi). The average household assets were about 158 USD. This varied substantially by country-171 USD in Malawi and 114 USD in Tanzania.
Adoption of SLM Technologies/Practices
We examine the proportion of plots that adopted at least one SLM practice in Fig. 20 .3. Results indicate that about 85 % of plots were under at least one of the six SLM practices. This was varied across countries ranging from 68 % in Tanzania to 89 % in Malawi.
We also present the proportion of plots in which the various SLM practices/technologies were used in Fig. 20 .4. Overall, inorganic fertilizers, improved seeds, manure application was used in about 51, 32 and 10 % of the farm plots. Intercropping, crop rotation and use of soil erosion control measure were applied in about 35, 14 and 33 % respectively. The adoptions of these technologies/practices were varied between the two countries. For example, the use of inorganic fertilizers was highest in Malawi (64 %) and lowest in Tanzania (12 %). Improved seeds were used in about 34 % of the plots in Malawi and in about 24 % of plots in Tanzania.
The application of manure was quite low; about 11 % in Malawi and 9 % in Tanzania. Intercropping was similar in both countries; about 35 % of plots in Malawi and about 32 % in Tanzania. Crop rotation was practiced in about 12 % of plots in Malawi and about 15 % of plots in Tanzania. The use of soil erosion control measures ranged from 9 % in Tanzania to 41 % in Malawi. We also assessed the adoption of Integrated Soil Fertility Management (ISFM) practices (use of inorganic fertilizers and organic inputs) in the case study countries. Overall, ISFM was used in about 8 % of plots (about 9 % in Malawi and only 5 % in Tanzania). We further present the distribution of the number of SLM practices/technologies used in farm plots in Fig. 20 .5. The distribution ranged from 0 to 6. On average, about 16 % of the surveyed households did not apply any SLM technologies in their farm plots in the two countries. About 33, 28 and 18 % applied 1, 2, and 3 technologies respectively. While about 5 and 1 % applied 4 and 5 technologies respectively.
At country-level, 11 and 32 % of the plots were not under any SLM technology in Malawi and Tanzania respectively. Further, our assessments show the proportion of plots with only one SLM technology was about 29 and 45 % in Malawi and Tanzania respectively. Similarly, two SLM technologies were applied in about 32 and 16 % in Malawi and Tanzania respectively. Fewer plots applied more than two SLM technologies simultaneously in one plot respectively in the two countries. Three SLM technologies were applied in about 21 and 5 % in Malawi and Tanzania respectively while four SLM technologies were applied in about 6 and 2 % in Malawi and Tanzania respectively. Even fewer plots applied 5 SLM technologies in the region; about 0.7 and 0.3 % in Malawi and Tanzania respectively ( Fig. 20.5) . Figure 20 .6 presents the plot of the mean number of SLM technologies applied by country. The average number SLM technologies applied per plot were 1.7. This also varied across the countries; 1.9 in Malawi and 0.8 in Tanzania.
Determinants of SLM Adoption: Logit Model
The results of the logit regression models on the determinants of adoption of SLM technologies are presented in Table 20 .5. An adopter was defined as an individual using at least one SLM technology. The assessment was carried out using plot level data. The logit models fit the data well (Table 20 .5). All the F-test showed that the models were statistically significant at the 1 % level. The Wald tests of the hypothesis that all regression coefficients in are jointly equal to zero were rejected in all the equations [(All-countries (joint model): Wald Chi 2 (35) = 2452.2, pvalue = 0.000), (Malawi: Wald Chi 2 (34) = 1742.6, p-value = 0.000), (Tanzania: Wald Chi 2 (34) = 239.5, p-value = 0.000)]. The results (marginal effects) suggest that biophysical, demographic, plot-level, and socioeconomic characteristics significantly influence SLM adoption. We discuss significant factors for each country model in the subsequent section.
Results show that several biophysical, socioeconomic, demographic, institutional and regional characteristics dictate the adoption of SLM practices (Table 20 .5). Among the proximate biophysical factors that significantly determine the probability of adopting SLM technology, we include temperature, rainfall and agro-ecological zonal characteristics. Temperature positively influences the probability of using SLM technologies in Malawi. For every 1 % increase in mean annual temperature (°C * 10), we expect 6.6 %, increase in probability of SLM adoption holding other factors constant. Rainfall on the other hand showed varied effect on the probability of adopting SLM technologies; positive in Malawi and the joint model but negative in Tanzania. For every 1 % increase in mean annual rainfall, we expect 0.48 and 2.1 % increase in probability of adopting SLM technology in the joint model and in Malawi respectively, but a decrease of 0.8 % in Tanzania holding other factors constant. The interaction between rainfall and temperature did not yield any significant effects.
Our results also suggest that terrain is critical in determining SLM adoption in the case study countries. While taking lowlands as the base terrain, results show that SLM is more likely to occur in both the plateaus and the hilly terrains in both Malawi and in the joint model but insignificant in Tanzania. The probability of SLM adoption is 22.3 and 11.2 % more for plots located in the plateaus of Malawi and in the joint model respectively, ceteris paribus. Similarly, SLM adoption is 68.7 and 16.8 % more likely to be adopted in the hills of Malawi and the combined model holding other factors constant.
The adoption of SLM technologies is also significantly influenced by such household-level variables as sex and education level of the household head, and family size. Male-headed households are less likely to adopt SLM technologies by about 11 % in Malawi and also by about 10 % in the joint model than their female counterparts, holding other factors constant. Education and the abundance of labor supply through larger bigger family size positively influence the adoption of SLM technologies both in Malawi and Tanzania and in the joint model. For instance increase in education by 1 year of formal learning increases the probability of SLM adoption by about 5 and 3 % in Malawi and Tanzania respectively, ceteris paribus.
We also assessed the effect of plot level characteristics on the adoption of SLM technologies. Plots with steeper slopes have a positive relationship with the adoption of SLM technologies in all cases. 1 % increase in the slope of the plot increases SLM adoption by about 56.5 and 35.3 % in Malawi and Tanzania respectively. Similarly secure land tenure through ownership of title deed positively influences the adoption of SLM technologies.
Holding other factors constant, ownership of title deed increased the probability of SLM adoption by about 20 and 35 % in Malawi and Tanzania respectively. Market accessed or proximity to markets (shown by distance to the market from the plot) has negative significant influence on the probability of SLM adoption in Malawi and Tanzania and in the joint models. One kilometer increase in distance to market reduced the probability of SLM adoption by 0.64, 0.77 and 0.75 % in the joint model, Malawi and Tanzania respectively, holding other factors constant.
Important socio-economic variables including access to agricultural extension services and credit access are also significant determinants of SLM technologies. Access to extension increased probability SLM adoption by 13.7, 20.2 and 14 % in the joint model, Malawi and Tanzania respectively, while membership in farmer organizations increased probability of SLM adoption by 7.2, 18.5 and 9.8 % in the joint model, Malawi and Tanzania respectively, ceteris paribus. Further, credit access increased probability LM adoption by 7.2, 18.5 and 9.8 % in the joint model, Malawi and Tanzania respectively, ceteris paribus. The adoption of SLM technologies was significantly higher in Tanzania by about 14 % than in Malawi.
Determinants of Number of SLM Practices Adopted: Poisson Regression
Results of the Poisson regression on the determinants of the number of SLM technologies used by households are presented in Table 20 .6. The assessment is done at plot level in each of the case study countries and a joint model is also estimated for all the countries. The models fit the data well. All the models are statistically significant at 1 % [(All-countries (joint model): Wald Chi 2 (35) = 2335.6, p-value = 0.000), (Malawi: Wald Chi 2 (34) = 1649.2, p-value = 0.000), (Tanzania: Wald Chi 2 (34) = 349.1, p-value = 0.000)]. There was no evidence of dispersion (over-dispersion and under-dispersion). We estimated the corresponding negative binomial regressions and all the likelihood ratio tests (comparing the negative binomial model to the Poisson model) were not statistically significant-suggesting that the Poisson model was best fit for our study assessments. Results (Table 20 .6) show that biophysical, plot-level, demographic, socio-economic and regional factors significantly determine the number of SLM technologies adopted. Among the proximate biophysical factors that significantly determine the number of SLM technologies adopted include temperature, rainfall, elevation and agro-ecological zonal characteristics. For example, a 1 % increase in temperature (°C * 10) increases the number of SLM technologies by 0.3 % in Malawi but reduces number of SLM technologies by 0.5 % in Tanzania holding other factors constant. Similarly, a 1 % increase in rainfall increased the number of SLM technologies adopted by 0.3 % in Malawi but reduces the number of SLM technologies by 0.2 % in Tanzania ceteris paribus. Like in the probability of SLM adoption technologies, the interaction between rainfall and temperature did not yield any significant effects. Our results also suggest that terrain is an important determinant of the number of SLM technologies adopted in Malawi. Lowlands were selected as the base terrain. Results show that the number of SLM technologies adopted was about 10 and 13 % more in Malawian plateaus and hills respectively, ceteris paribus. The number of SLM technologies adopted is also significantly determined by such household-level variables as sex and education level of the household head and family size. Male-headed households are less likely to adopt SLM technologies by about 2.5 % in Malawi and by about 3.4 % in the joint model than their female counterparts, holding other factors constant. Education level of the household head positively influenced the number of SLM technologies adopted both in Malawi and Tanzania and in the joint model. A unit increase in education by 1 year of formal learning increases the number of SLM technologies adopted by about 12.9, 11.1 and 17.2 % in the joint model, Malawi and Tanzania respectively, ceteris paribus. In contrast, an additional family member (in adult equivalent) reduced the number of SLM technologies adopted by about 1 and 1.6 % in Tanzania and the joint model respectively, holding other factors constant.
The number of SLM technologies adopted is also significantly determined by such slope, tenure status, soil type, and market access from the plot. The number of SLM technologies adopted is positively related to slope of the plot. A 1 % increase in the slope of the plot increases the number of SLM technologies adopted by about 15.5, 14.8 and 14.6 % in joint model, Malawi and Tanzania respectively, ceteris paribus.
Similarly secure land tenure through ownership of title deed positively influences the number of SLM technologies adopted. Ownership of title deed increased the probability of number of SLM technologies adopted by about 23, 21 and 23 % in the joint model, Malawi and Tanzania respectively ceteris paribus. Our assessment further shows that proximity to markets (distance to the market) from the plot has negative significant influence on the probability of SLM adoption in Malawi and Tanzania and in the joint models. One kilometer increase in distance to market reduced the probability of SLM adoption by 0.11, 0.14 and 0.05 % in the joint model, Malawi and Tanzania respectively, holding other factors constant.
Our results further show that socio-economic variables including access to agricultural extension services, access to credit services and household assets also determine the number of SLM technologies adopted. Access to extension increased the number of SLM technologies adopted by 12, 16 and 17 % in the joint model, Malawi and Tanzania respectively, while membership in farmer organizations increased the number of SLM technologies adopted by 3.6, 5.6 and 6 % in the joint model, Malawi and Tanzania respectively, ceteris paribus. Further, credit access increased number of SLM technologies adopted by 2.9, 1 and 4.5 % in the joint model, Malawi and Tanzania respectively, ceteris paribus. A 1 % increase in household assets increased the number of SLM technologies adopted by 0.25, 0.43 and 0.83 % in the joint model, Malawi and Tanzania respectively, ceteris paribus. The adoption of SLM technologies was significantly higher in Malawi by about 7.1 % than in Tanzania.
Robust checks show no evidence of multicollinearity, heteroscedasticity and omitted variables. Ramsey RESET test (ovitest) was not significant, showing no evidence of omitted variable, while the Breusch-Pagan/Cook-Weisberg test (hettest) showed no evidence of heteroscedasticity. We report robust standard errors. Further, the VIF test was less than 10, showing no evidence of multicollinearity.
Cost of Action and Inaction Against Land Degradation Due to LUCC
The results of cost of action and costs of inaction against land degradation in Malawi and Tanzania are discussed in this section. In Malawi, results show that the average annual cost of land degradation during 2000-2009 periods was about 244 million USD (Table 20 .7). Only about 153 million USD (62 %) of this cost represent the provisional ecosystem services. The other (about 38 %) represents the supporting and regulatory and cultural ecosystem services. Most of these costs were experienced in Mangochi (27 million USD), Nkhata Bay (24 million USD), and Nkhotakota district (20 million USD). Priority action is thus needed in these regions.
The costs of action over a 30-year horizon were about 4.1 billion USD, as opposed to inaction costs of about 15.6 billion USD if nothing is done over the same time period (30 years). Similarly, over a shorter time period of 6 years, the cost of action sums to about 4 billion USD as opposed to of inaction of about 11.5 billion USD. This implies that the costs of action against land degradation are about 4.3 times lower than the costs of inaction over the 30 year horizon. The implications is that; each dollar spent on addressing land degradation is likely to yield about 4.3 dollars of returns.
In Tanzania, results show that the annual cost of land degradation between 2000 and 2009 periods was about 2.3 billion USD (Table 20 .8). Only about 1.3 billion USD (57 %) of this cost of land degradation represent the provisional ecosystem services. The other (about 43 %) represents the supporting and regulatory and cultural ecosystem services. Most of these costs were experienced in Morogoro region (297 million USD), Ruvuma region (214 million USD), and Rukwa region (193 million USD). These areas can be considered areas where priority action is needed. The results further show the costs of action against land degradation in a 30-year horizon is about 36.3 billion USD but the resulting losses (costs) may equal almost 138.8 billion USD during the same period if nothing is done. Similarly, over a shorter time period of 6 years, the cost of action sums to about 36.2 billion USD as opposed to costs of inaction of about 102.6 billion USD. This suggests that the costs of action against land degradation are 3.8 times lower than the costs of inaction over the 30 year horizon. For every dollar spent to address land degradation, the returns are about 3.8 dollars. Taking action against land degradation in both short and long-term periods is thus more favorable than inaction. Table 20 .9 shows the simulated results of rain-fed maize and wheat and irrigated rice yields under business-as-usual and ISFM scenarios for a period of forty years. The average maize yield in Malawi is 2.4 tons/ha (baseline) and 1.6 tons/ha (end-line) under the BAU scenario. This implies that the use of land degrading management practices on rain-fed maize leads to a 34 % fall in yield compared to yield in the past 30 years. In Tanzania, the average maize yield under the BAU scenario is 2.1 tons/ha (baseline) and 1.6 tons/ha (end-line)-implying 34 % fall in yield compared to yield in the past 30 years as a result of use of land-degrading management practices. Results further show that average maize yield are higher under ISFM-2.5 tons/ha (baseline) and 1.9 tons/ha (end-line) periods in Ethiopia and 2.3 tons/ha (baseline) and 1.9 tons/ha (end-line) periods in Tanzania. This represents a decline of about 23 and 16 % in Malawi and Tanzania respectively compared to yield in the past 30 years. Irrigated rice yield declines under BAU scenario are 33 % in Malawi and 29 % in Tanzania and about 29 % in Malawi and 27 % in Tanzania under ISFM. On the other hand, wheat yield declines under BAU scenario are 6 % in Malawi and 4 % in Tanzania and about 2 % in Malawi and 0.6 % in Tanzania under ISFM.
Cost of Land Degradation Due to Use of Land Degrading Practices on Cropland
On average the use of land degrading management practices on rain-fed maize leads to a 22 % decline in yield as compared to yield the previous 30 years in each of the two countries. Similarly, analysis show that the use of land degrading management practices on irrigated rice leads to a 16 % decline in yield in Malawi and 8 % in Tanzania. Further, the use of land degrading management practices on rain-fed wheat leads to a 6 % decline in yield Tanzania and about 0.2 % decline in Malawi as compared to yield the previous 30 years.
The cost of land degradation for the three crops is about $277 million per year (Table 20 .10); $114 million in Malawi and $162 million in Tanzania. When these losses are expressed as percent of GDP, the two countries lose about 1.3 % of the GDP annually as a result of cropland (maize, rice and wheat) degradation. At country level Malawi is the most severely affect by cropland degradation -loses about 3 % of its GDP annually while in Tanzania the losses amount to about 1 % of GDP. Statistics show that the three crops (maize, rice and wheat) account for about 42 % of the cropland globally (Nkonya et al. in press) . Assuming that the levels of degradation is comparable to that occurring on the three major crops, then the total cost of land degradation on cropland is about 3.2 % of GDP in the two countriesranging from 2.3 % in Tanzania to 7.4 % in Malawi (Table 20 .10).
The costs of land degradation due to soil fertility mining reported in Table 20 .10 are conservative. Other aspects of land degradation common on a static biome (cropland) including soil erosion and salinity, and offside costs of pesticide use are not considered because of lack of data. The DSSAT data used in this study also assumes higher BAU fertilizer application rates-this reduces the actual costs of land degradation. Table 20 .11 shows the simulated results of the costs of losses of milk, meat, and costs associated with weight loss of animals not slaughtered or sold associated with land degradation in rangelands. Computations were done by agro-ecological zone for an in-depth depiction and discussions of these costs. Chapter 8 of this volume presents a comprehensive analytical approach on how each of these components are computed.
Cost of Loss of Milk and Meat Production Due to Land Degradation of Rangelands
Results shows that land degradation in grazing biomass had a significant impact on milk production both in Malawi and Tanzania. In Tanzania, the total costs of milk and meat production losses were about $53 and $3.3 respectively. The bigger proportion of milk and meat losses is experienced in the warm sub-humid ($26 million), cool sub-humid ($19 million) and cool semi-arid ($9 million) agro-ecologies.
When the cost of weight loss of animals not slaughtered or sold is considered, the total costs of grassland degradation increases to about $74 million in Tanzania. The bigger proportion of the total gross losses is experienced in the warm sub-humid ($33 million), cool sub-humid ($25 million) and cool semi-arid ($12 million) agro-ecologies. In Malawi, the total costs of milk is about $1.5 million while the cost of meat production losses is about $0.14 million. The biggest losses are experienced in the warm semi-arid ($0.22 million), cool sub-humid ($0.22 million) and cool semi-arid ($0.15 million) agro-ecologies. The total gross loss-cost of milk, meant and cost of weight loss of animals not slaughtered or sold-in Malawi was about $2.3 million. The bigger proportion of the total gross losses is consequently experienced in warm semi-arid ($1.6 million), cool sub-humid ($0.27 million) and cool semi-arid ($0.2 million) agro-ecologies.
Actions Taken to Address ES Loss and Enhance ES Improvement
Given the above big losses as a result of land degradation, we present the results of the assessment of the perception of trend in value of ES for major land use types for eight local communities in Tanzania (Table 20 .12). From the community perspective, results show that the ES value of cropland is decreasing in all districts except one (Mufindi). Similarly, the value of forest ES is all decreasing in all cases except in Mufindi district. On the other hand the trend in value of grassland is mixed. Two districts reported an increase (Sejeli and Zuzu communities), while two districts reported a decline (Dakawa and Mazingira).
The actions that the communities take to address loss of ES or enhance or maintain ES improvement are presented in Table 20 .13. For example, in forest 
Conclusions and Policy Implications
Land degradation is increasingly becoming an important subject due to the increasing number of causes as well as its effects. Recent assessments show that land degradation affected 51 and 41 % in Tanzania, Malawi respectively. The adoption of sustainable land management practices as well as the number of SLM technologies adopted is critical in addressing land degradation in Malawi and Tanzania. Securing land tenure and access to relevant agricultural information pertaining to SLM will play an important role in enhancing SLM adoption. This implies that policies and strategies that facilities use to secure land tenure is likely to incentivize investments in SLM in the long-run since benefits accrue over time. There is a need to improve the capacity of land users through education and extension as well as improve access to financial and social capital to enhance SLM uptake. Local institutions providing credit services, inputs such as seed and fertilizers, and extension services must not be ignored in the development policies. The important role of rainfall and agro-ecological classification on adoption of and number of SLM technologies adopted suggests the need for proper geographical planning and targeting of SLM practices by stakeholders.
Losses due to land degradation are substantial. The annual costs of land degradation due to LUCC between 2001 and 2009 period based on TEV framework amount to about $244 million in Malawi and $2.3 billion in Tanzania-representing about 6.8 and 13.7 % of GDP in 2007 in Malawi and Tanzania, respectively. It is worthwhile to take action against land degradation. The TEV computation points to lower costs of action ($4.05 billion in Malawi and $36.3 billion in Tanzania) as compared to costs of inaction ($15.6 billion in Malawi and $138.8 billion in Tanzania) by about 4.3 times and 3.8 times over a 30-year horizon in Malawi and Tanzania, respectively. This implies that for each dollar spent to rehabilitate/restore degraded lands, it returns about 4.3 dollars and 3.8 dollars in Malawi and Tanzania, respectively. The use of land degrading practices in croplands (maize, rice and wheat) resulted in losses amounting to $5.7 million in Malawi and $1.8 million in Tanzania-0.2 % of GDP in Malawi and 0.01 % of GDP in Tanzania. These costs are, however, conservative. We consider only three crops, other aspects of land degradation common on a static biome (cropland) including soil erosion and salinity, and offside costs of pesticide use are not considered because of lack of data. The results further show that the of land degradation on static grazing biomass (loss of milk, meat and the cost of weight loss of animals not slaughtered or sold) amounted to $74 million in Tanzania and $2.3 million in Malawi.
Some of the local level initiatives taken by local communities address loss of ecosystem services or enhance/maintain ecosystem services improvement such as afforestation programs, enacting of bylaws to protect existing forests, area closures and controlled grazing, community sanctions for overgrazing, and use of ISFM in croplands ought to be out-scaled and backed by formal laws.
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